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1 
 
Abstract—The objective of this study was to analyze the 
potential of the C-band polarimetric SAR parameters for the soil 
surface characterization of bare agricultural soils. RADARSAT-2 
data and simulations using the Integral Equation Model (IEM) 
were analyzed to evaluate the polarimetric SAR parameters’ 
sensitivities to the soil moisture and surface roughness. 
The results showed that the polarimetric parameters in the C-
band were not very relevant to the characterization of the soil 
surface over bare agricultural areas. Low dynamics were often 
observed between the polarimetric parameters and both the soil 
moisture content and the soil surface roughness. These low 
dynamics do not allow for the accurate estimation of the soil 
parameters, but they could augment the standard inversion 
approaches to improve the estimation of these soil parameters. 
The polarimetric parameter 1 could be used to detect very moist 
soils (>30%), while the anisotropy could be used to separate the 
smooth soils. 
 
Index Terms— Polarimetric SAR data, RADARSAT-2, soil 
surface characteristics, bare agricultural soils. 
I. INTRODUCTION 
oil surface characteristics, namely the soil moisture content 
and roughness, play an important role in different 
applications such as hydrology, agronomy or meteorology. 
Floods, excess runoff, and soil erosion are, among others, key 
factors controlled and influenced by soil surface conditions 
[1]-[3]. Indeed, soil moisture and surface roughness affect 
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numerous processes on the soil surface such as infiltration 
capacity, temporary surface storage, deposition or detachment 
of particles, etc. Numerous research studies that have been 
performed during the three last decades have shown that 
Synthetic Aperture Radar (SAR) sensors have a high potential 
to measure the surface soil moisture [4]-[9]. It is well known 
that the SAR return signal over bare soil surfaces is affected by 
surface characteristics such as the soil’s roughness and 
dielectric constant. The amount of soil moisture influences the 
return signal depending on the dielectric properties of the soil. 
The soil roughness determines the type of radiation that is 
reflected. A very smooth surface reflects all of the energy in 
the specular direction and no signals reach the antenna, 
whereas a very rough surface diffuses the incident wave in all 
directions [10]. Moreover, the radar signal depends on the 
radar parameters such as polarisation, incidence angle and 
radar wavelength [10], [11]. 
The primary surface soil moisture retrieving approaches use 
SAR data in the C-band because of the high availability of 
spatial SAR images in this radar band frequency (ERS-1/2, 
RADARSAT-1/2 and ASAR). Several studies have shown that 
the best estimates of soil moisture over bare soil surfaces are 
obtained with SAR images that are acquired at both low and 
high incidence angles or by using polarimetric SAR data [6], 
[9], [12]-[14]. Currently, satellite SAR data are acquired with 
one incidence angle and one radar wavelength. Moreover, 
except for RADARSAT-2 which is polarimetric sensor, the 
current satellite SARs allow acquisitions only with one or two 
polarizations. Because the radar signal is strongly influenced 
by both soil moisture and surface roughness the inversion 
problem is difficult to solve based on the multitude of 
solutions that exist for the surface roughness and the soil 
moisture. By using two incidence angles (for example, 20° and 
40°), it is possible to eliminate the effects of roughness and 
therefore to link the radar backscattering coefficients to the 
moisture only. The most common approaches that are used to 
determine the surface soil parameters from polarimetric SAR 
data are those that were proposed by [12]-13]; these 
approaches uses an inversion diagram that is based on either 
the cross-polarized backscattering coefficient °HV and the co-
polarized ratio (°HH/°VV) or the co-polarized ratio 
(°HH/°VV) and the cross-polarized ratio (°VH/°VV). [6] 
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2 
showed that the accuracy of the soil moisture estimate does not 
improve significantly (<1%) when two polarisations (HH and 
HV, C-band) are used instead of only one polarisation. To 
obtain an estimate of soil moisture when using SAR 
observations that only use one channel, it is necessary to use 
radar configurations that minimise the effects of the other soil 
surface characteristics, such as surface roughness [6], [15]. 
The optimal radar incidences in the C-band for the retrieval of 
soil moisture are between 10° and 20° [16]-[17], whereas 
those for the estimation of surface roughness are greater than 
40° [15]. 
There is currently a great challenge to demonstrate an 
interest in the use of polarimetric parameters in order to 
estimate surface roughness and soil moisture. Only a few 
studies have analysed the potential uses of polarimetric SAR 
data for the estimation of surface roughness and soil moisture 
over bare agricultural fields [18]-[21]. [21] proposed a model 
for the inversion of soil parameters based on the eigenvalues 
and eigenvectors of the polarimetric coherency matrix. The 
inversion of the fully polarimetric airborne L-band SAR data 
were investigated by using three polarimetric parameters, 
namely the scattering entropy, the scattering anisotropy, and 
the alpha angle. The model is an extension of the small 
perturbation model (SPM) and assumes the reflection of 
symmetric surfaces. The SPM model is valid for soils in which 
the surface heights are small compared to the radar wavelength 
(ks<0.3, where k is the radar wave number and s is the root 
mean square (rms) surface height of soil surface roughness). 
The typical s-values of the agricultural bare soils range from 
0.5 to 4 cm [22]-[23], and at the L-band (~1.25GHz; 
k=0.24cm
-1
), the s-values (0.12<ks<0.96) largely exceed the 
SPM validity region. The model of Hajnsek et al. [21] 
estimated the ks directly from the anisotropy values and the 
dielectric constant from the diagram of entropy/alpha angle. 
This approach is not applicable to the C-band (~5.3GHz; 
k=1.11cm
-1
) because the ks values (0.55<ks<4.44) would be 
well beyond the validity domain of the SPM model. [19] 
proposed inversion algorithms using either mono- or multi-
frequency polarimetric data. Their approach introduced a 
polarimetric scattering model that was based on the Integral 
Equation Model (IEM; [11]) and the use of the entropy (H), 
the 1 angle and a new polarimetric parameter, which was 
named the eigenvalue relative difference (ERD). For the 
mono-frequency data, the most adapted radar wavelength () 
for the soil parameters estimation is the L-band ( between 15 
and 30 cm) due to its sensitivity to both soil moisture and 
surface roughness. In the multi-frequency inversion algorithm, 
the soil moisture is estimated from 1, which is acquired in the 
high frequency band (C to K band: 4 to 27 GHz) whereas the 
rms surface height is obtained from the parameters 1, H and 
ERD in the low frequency band (P to S band: 0.3 to 4 GHz). 
The objective of the present study is to investigate the 
sensitivity of polarimetric parameters at the C-band to bare 
agricultural soil parameters (soil moisture and surface 
roughness). Indeed, the potential of polarimetric parameters in 
the C-band was studied little and the available SAR studies use 
especially high radar wavelengths as the L-band. The main 
investigation in this study concerns the analysis of the dynamic 
of polarimetric parameters in the C-band according to soil 
moisture and surface roughness. Twelve RADARSAT-2 
images in the polarimetric mode were analysed and compared 
to IEM simulations. This work will enable us to evaluate the 
potential of polarimetric SAR sensors at the C-band to extract 
surface soil parameters for two study sites in France. Section 2 
provides a review of the IEM model and the main polarimetric 
parameters. In Section 3, the data set is described. The results 
are shown in Section 4, and finally, Section 5 presents the 
main conclusions. 
 
II. POLARIMETRIC SCATTERING MODE 
A. Polarimetric parameters 
A polarimetric Synthetic Aperture Radar (SAR) measures 
the scattering matrix S of a medium with quad polarisations. 
This matrix is constituted by the complex scattering 
coefficients Spq, where p is the transmitting polarisation and q 
is the receiving polarisation (p, q = H or V, where H represents 
horizontal and V represents vertical). The polarimetric 
information in the monostatic case can be represented by a 
coherency matrix T which can be calculated from the complex 
target vector kp as follows [24]: 
 
T
pp kkT
  with 
 Thvvvhhvvhhp SSSSSk 2
2
1
  (1) 
 
where the superscripts 

, 
T
 and <.> denote the complex 
conjugate, the matrix transpose, and the average operator, 
respectively. 
[24] proposed a polarimetric decomposition theorem that is 
based on the eigenvector/value of the coherency matrix into 
elementary mechanisms (i.e. single, double and volume 
scattering) to identify the global mean scattering mechanism. 
The matrix T can be defined as the noncoherent sum of three 
orthogonal unitary matrices as follows: 
 
T
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where i  are the three eigenvalues of T, which are real and 
non-negative 1230. Vi are the related orthogonal unitary 
eigenvectors. 
Using the eigenvectors and eigenvalues, three main 
parameters are used to characterise the results of this 
decomposition: entropy (H), mean alpha angle ( ), and 
anisotropy (A). The polarimetric scattering entropy H is 
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3 
defined from the logarithmic sum of the eigenvalues of T and 
represents the random behaviour of the scattering phenomenon 
as follows:  
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where Pi are the normalised eigenvalues as follows: 
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The entropy H is a measure of the randomness of the 
scattering mechanisms. Low entropy (H0) indicates a single 
scattering mechanism (isotropic scattering) while high entropy 
(H1) indicates a totally random mixture of scattering 
mechanisms with equal probability and, therefore, a 
depolarising target. 
The mean scattering angle represents the mean dominant 
scattering mechanism and it is calculated from the 
eigenvectors and eigenvalues of T: 
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where i are the scattering mechanisms that are represented 
by the three eigenvectors.  =0° indicates a surface 
scattering,  =45° indicates a dipole mechanism (volume 
scattering), and  =90° indicates a double bounce scattering 
from metallic surfaces (dihedral scatter). 
The anisotropy A is defined as the relative importance of the 
secondary scattering mechanism and it is expressed as:  
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where 2 and 3 are the two lowest eigenvalues. A becomes 
0 if both of the scattering mechanisms are of equal proportion, 
while the larger values of A indicates the increasing amounts 
of anisotropic scattering. 
The reflection symmetry hypothesis, which is valid for 
agricultural surfaces, allows the derivation from the coherency 
matrix T of the analytical expressions of the polarimetric 
parameters. In this case, the correlation between the co- and 
cross-polarized channels is assumed to be zero (<SHH SHV*> = 
<SVV SHV*> = 0) [25]. The simplified expressions of the Non-
Ordered in Size (NOS) eigenvalues are defined as follows 
[26]: 
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The eigenvectors can also be written analytically in the case 
of reflection symmetry hypothesis [26].  
[18] suggest the analysis of the alpha angle that corresponds 
to the first eigenvector (1) rather than the mean scattering 
alpha ( ) because 1 indicates the type of the scattering 
process that is associated with the first eigenvector and then 
with the dominating scattering process. A value of 1 that is 
lower than 45° corresponds to surface scattering. The 1 
parameter is given by the following: 
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Where v1(i) is the ith component of the first eigenvector v1 
and   is the module. 
Moreover, [20] introduced two new parameters, which are 
called the Single-bounce Eigenvalue Relative Difference 
(SERD) and the Double-bounce Eigenvalue Relative 
Difference (DERD), to provide a better inversion of the 
geophysical parameters in the natural media: 
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S is associated to the single reflection mechanism and D is 
associated to the double reflection. For 1</4, 2 is higher 
than /4, then S=1NOS and D =2NOS. If 1>/4  2</4 
then S=2NOS and D =1NOS. 
In this study, only the following polarimetric descriptors 
that were considered to be important for the characterisation of 
the soil surface parameters were analysed: the angle 1, the 
entropy (H), the anisotropy (A), and the eigenvalue relative 
differences (SERD and DERD). These polarimetric parameters 
are those resulting from the studies carried out with L-band 
polarimetric data over bare agriculture fields. 
 
B. Integral Equation Model (IEM) 
To better understand the relationship between the 
polarimetric parameters and the soil surface characteristics, a 
backscattering model that is capable of reproducing the radar 
signal from SAR parameters (incidence angle, polarisation, 
and radar wavelength) and the soil surface characteristics 
(dielectric constant and surface roughness) is essential. The 
Integral Equation Model (IEM: [11], [27]) is one of the 
physical models that is most widely used because its validity 
domain covers the range of roughness values that are 
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4 
commonly encountered for agricultural surfaces (ks3, where 
k is the wave number  1.11 cm-1 for a frequency in the C-
band of 5.3 GHz). The description of surface roughness on 
bare soils in the IEM is currently based on three parameters 
[27]: the correlation function, the correlation length, and the 
standard deviation of heights (s). A number of studies have 
shown that the backscattering coefficient varies considerably 
depending on the shape of the correlation function, and the 
measurements of the correlation length are inaccurate (they are 
highly dependent on the length and on the number of 
roughness profiles) [28]-[30]. 
Over bare soils in agricultural areas, the backscattering 
coefficient of the surface contribution °pp is expressed for the 
HH and VV polarisations (pp=HH or VV) follows: 
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For the cross polarisation, the backscattering coefficient is 
°HV is as follows: 
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r : dielectric constant. 
r : relative permittivity 
: incidence angle 
s: standard deviation of the surface height 
L: correlation length 
Re: real part of the complex number 
*
ppf : conjugate of the complex number ppf  
),( yx
: surface correlation function. For one-dimensional 
roughness profiles,  is given by: 
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The distribution of the surface correlation function is 
exponential for low surface roughness values (=1) and 
Gaussian for high surface roughness values (=2). 
)(nW : Fourier transformation of the nth power of the 
surface correlation function. It is defined as follows: 
dydxeyxbaW byaxinn 
 )()( ),(
2
1
),( 
  
The empirical model that was developed by [31] was used 
to link the volumetric water content to the corresponding 
complex dielectric constant. This model uses the sand and clay 
composition of the soil. 
The IEM satisfies the reflection symmetry assumption, and 
the coherency matrix can be written as: 
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Where Im indicates the imaginary part. 
The different polarimetric parameters are next calculated 
using the polarimetric scattering model IEM. The objective is 
to analyse the behaviour of these parameters as a function of 
the soil parameters and to compare this behaviour with the 
data that were obtained from real SAR data of the 
RADARSAT-2 sensor. 
III. DATABASE 
A database that was composed of RADARSAT-2 
acquisitions and ground measurements over two agricultural 
study sites in France was used (Fig. 1, Table 1). The first study 
site is located on the Thau watershed near Montpellier in 
Southern France (43°26'N and 3°40'E). It is mostly composed 
of agricultural plots that are intended for growing cereals 
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5 
(wheat) and vineyards, natural vegetation 
(Garrigue=Mediterranean forest), and agricultural wasteland. 
The second study site is the Orgeval watershed, which is 
located to the east of Paris (48°51’N and 3°07’E). The 
Orgeval watershed is mostly composed of agricultural plots 
that are intended for growing wheat and maize. This site is flat 
and composed of loamy soils. The measurement campaigns of 
the soil moisture and surface roughness were conducted 
simultaneously with the SAR acquisitions on several bare 
training plots (with low local topography and at least one 
hectare in size). The soil composition is approximately 52% 
silt, 35% clay, and 12% sand. 
 
A. Radarsat-2 data 
The C-band SAR images were obtained from the 
RADARSAT-2 sensor in the polarimetric mode. The radar 
data are available in fine mode with a spatial resolution of 
approximately 10m and incidence angles of 34-36°, 40°, and 
45-47° (Table 1). The PolSARPro v4.2.0 software 
(http://earth.eo.esa.int/polsarpro/) was used to process the 
RADARSAT-2 images. The following polarimetric parameters 
that were considered to be important for the characterization of 
the soil surface parameters were generated: the angle 1, the 
entropy (H), the anisotropy (A) and the eigenvalue relative 
differences (SERD and DERD). Next, every generated data 
layer was geocoded using the MapReady 2.3 software 
(http://www.asf.alaska.edu/downloads/software_tools) and a 
Digital Elevation Model at a pixel spacing of 5m (Fig. 2). The 
geocoding errors were calculated for each RADARSAT-2 
image by using an aerial optical image that was acquired by 
the French National Geographic Institute in 2005 with a spatial 
resolution of 50cm. The errors slightly different between one 
image and another (from 55.9m to 62m in X and from 5.6m to 
10.7m in Y) were corrected by a simple translation of the 
images. 
Coherency matrices are commonly processed for speckle 
noise reduction by averaging several neighbouring pixels using 
a moving window. [32] and [33] have shown that an 
insufficient number of looks produce an underestimation of 
entropy and an overestimation of anisotropy and alpha angle 
(for grass). For a correct retrieval of the physical information, 
reliable H, A and  values may be obtained with a minimum 
of 49 looks. For our RADARSAT-2 data, a 7x7 boxcar filter 
was applied to the single-look complex data. The average of 
the polarimetric parameters was then calculated for each 
training plot. 
 
B. In situ measurements 
Simultaneously to the RADARSAT-2 acquisitions, ground 
measurements were performed in selected bare training plots 
(± three hours of the satellite overpass time). Between two and 
sixteen training plots were visited on each SAR acquisition 
date (Table 1). Two soil-surface parameters were measured the 
moisture content (at a 0-5-cm depth) and the surface 
roughness. 
The soil moisture (mv) of each training plot was assumed to 
be equal to the mean value that was measured from several 
samples (between 20 and 50) that were collected from that plot 
in using a calibrated TDR (Time Domain Reflectometry) 
probe. The soil moistures range from 0.09 to 0.46 cm
3
/cm
3
. 
The roughness measurements were made using needle 
profilometer (1m long and with 2cm sampling intervals). Ten 
roughness profiles along and across the direction of tillage 
(five parallel and five perpendicular) were established in each 
reference field. From these measurements, the two roughness 
parameters, which are root mean square (s) surface height and 
correlation length (L), were calculated using the mean of all of 
the correlation functions. The rms surface heights ranged from 
0.5 cm to 4.0 cm. The correlation length (L) varied from 1.7 
cm in the sown fields to 8.5 cm in the ploughed fields. 
A good characterization of surface roughness is dependant 
on the roughness profile length, the number of roughness 
profiles measurements and the horizontal resolution (sampling 
interval) of profiles [30], [34]-[36]. According to [30], the 
roughness profiles length should be at least 40L and 200L 
(where L is the correlation length) in order to obtain the s and 
the correlation length with a precision of 10%. [34]-[35] have 
demonstrated that shorter profiles result in lower s and 
correlation length. The underestimation of roughness 
parameters is more significant for smooth surfaces than for 
rough roughness. The number of averaged profiles that is 
required to obtain a standard deviation on s and L less than 
10% is dependent of profile length. [35] demonstrated that less 
than 10 averaged profiles are required for 1 m profile to obtain 
a standard deviation of s lower than 10%, whereas the same 
accuracy (better than 10%) for correlation length only 
becomes feasible for at least 15 averaged profiles. The 
precision on the correlation length measurements should be 
about 15 to 20% for the range of correlation length measured 
within our bare agricultural fields, with 1m profile and 10 
average profiles (higher standard deviation for large 
correlation length). The precision associated with the 
measurements of s and L, were also dependent on the 
horizontal spacing between height points (Δx). According to 
[35], an increase in horizontal spacing causes a decrease in s 
and an increase in correlation length, which are more 
pronounced for surfaces with small correlation length. [30] 
suggested that the surface should be sampled at a spacing no 
longer than 0.2L and no more than 0.5L for the same precision 
of about 5% on the correlation length and the s surface height, 
respectively. For our range of correlation length, the accuracy 
of roughness parameters with a spacing of 2 cm should be 
better than ± 10% for s and between ± 10% and ± 20% for 
large and small correlation lengths, respectively. 
 
IV. DATA ANALYSIS 
In this section, we will analyze the potential of some of the 
polarimetric parameters for the soil surface characterization 
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(soil moisture « mv » and surface roughness « s »). The data 
that were calculated from the RADARSAT-2 images and other 
data that were simulated from IEM are analyzed. The 
behaviour of polarimetric parameters according to the soil 
moisture and surface roughness will be studied in using all 
SAR acquisitions (all data). For the IEM simulations, an 
exponential correlation function was used with a correlation 
length of 5 cm, which corresponds to the mean value of in situ 
correlation length measurements. Indeed, different studies 
found that the autocorrelation function was well approximated 
by exponential correlation function for agricultural soils [34], 
[36]-[39]. 
To provide a good interpretation of the polarimetric 
parameters 1, entropy, anisotropy, SERD and DERD that 
were averaged from the RADARSAT-2 images of each 
training plot, the distribution of the standard deviations that 
were calculated in the training plots were analyzed (329 data 
points).  
A given polarimetric parameter could be used to 
discriminate different classes of mv or ks if the distance 
between the mean values is large compared to the standard 
deviations [40]. For values of separability Si,j between 0.8 and 
1.5, the quality of the separation between classes i and j is 
average. Values of Si,j above 2.0 provide almost complete 
separation of class pairs. The separability between classes i 
and j is defined by: 
ji
ji
ji
stdstd
S




,  (13) 
Where  and std are mean values and standard deviations of 
the feature. 
Thus, a good separability between two classes of soil 
moisture or surface roughness requires a difference between 
their mean values at least equal to twice the standard deviation 
(Si,j=1). 
Fig. 3 shows that the mean of the standard deviations was 
approximately 3°, 0.07, 0.09, 0.06, and 0.12 for 1, H, A, 
SERD and DERD, respectively. As example, the standard 
deviation of 1 vary between 2° and 4° (for 90% of values) 
with a mean about 3°. The 1 parameter could thus be useful in 
the mapping of soil moisture or surface roughness if its 
dynamic is at least of 6°. 
 
Behaviour of alpha angle of the first eigenvector (1) 
according to mv and ks 
The 1 parameter indicates the scattering mechanism that is 
associated with the first eigenvector. 1 values that are lower 
than 45° correspond to surface scattering. Fig. 4 represents the 
behaviour of 1 according to the soil moisture and ks for three 
incidence angles, 34°, 40°, and 46°. Each value represents the 
mean parameter of a training site, and it was determined by 
averaging the values of all of the pixels that belonged to the 
site. 
For an incidence angle of 34°, 1 appeared to decrease with 
the soil moisture for the mv values that were lower than 10-
15% and increase subsequently from 6° to 12° for the mv 
values that were between 15% and 40% (Fig. 4a). This 
behaviour seems to be the same when ks<1.5 and ks>1.5. Fig. 
4c shows that 1 decreases slightly with ks (a decrease of only 
few degrees for a ks between 1 and 4). Moreover, this decrease 
is slightly more important for the high mv values (mv>30%). 
For the incidence angles of 40 and 46°, the behaviour of 1 
was identical to that observed for =34°. 1 decreased when 
mv<10-15%, was constant when  mv was between 15% and 
30%, and increased approximately 8° when mv was between 
30% and 45% (Fig. 4b). Fig. 4d shows that 1 decreased 
slightly with ks for the incidence angles of 40-46° and an 
mv<30%, and this decrease was only important for the low 
values of ks (ks <1). Moreover, Fig. 4d shows that the 
difference between 1 of the training plots where mv<30% and 
the training plots where mv>30% was higher for the high 
incidence angles (40-46° in comparison to 34°). Thus, this 
parameter could be used to identify the plots that have a high 
surface soil moisture (mv>30%).  
The IEM simulations showed a increase of 1 with the soil 
moisture (mv) for the ks that were lower than 1.1 (the threshold 
value depends slightly on the incidence angle). For the ks 
values higher than 1.9, 1 decreases with mv. For the 
intermediate ks values (ks between 1.1 and 1.9), 1 decreased 
with mv and then increased (Fig. 5). Moreover, the IEM 
simulations showed that 1 decreased with ks for the ks values 
that were lower than 1.1-1.9, and then it increases with ks 
regardless of mv. The threshold ks values from which the 
behaviour of 1 changed are highly dependent on the soil 
moisture (for =34°, ks=1.1 and 1.9 for mv=5% and 40%, 
respectively) and are slightly dependent on the incidence angle 
(Figs. 5c and 5d). The simulations confirmed that the response 
of 1 with ks and mv had a dynamic that is slightly lower for a 
low incidence angle (34°) than for a high incidence angle 
(46°). However, this dynamic could be insufficient if mv>15% 
because a 10% differences in the soil moisture resulted in a 
difference in 1 that was lower than 4° (Figs. 5c, 5d); this 
difference is of the same order as the standard deviation of 1 
measurements. A difference of 10% in mv for mv<15% 
corresponds to an increment in 1 (1) that is of 4° to 7° for 
=46° (ks=0.5 and 3, respectively). The same difference in mv 
for mv>15% correspond to 1 of less than 4° for =46° and 
less than 2° for =34°. 
Ambiguities can appear in the estimation of soil moisture 
and surface roughness. Indeed, for the same geometric 
characteristics of the soil surface, the same value of 1 could 
have for some ks two different values of soil moisture (Figs. 5a 
and 5b). Moreover, Figs. 5c and 5d show that the same value 
of 1 has for a given soil moisture two different values of 
surface roughness. The part of the curves which is on the left 
of reflection points of Figs. 5a and 5b, or on the right of 
reflexion points of Figs. 5c and 5d corresponds to the limiting 
zones of IEM validity. The IEM model validity is limited for 
rough and dry soils (Figs. 5c and 5d). 
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In conclusion, the 1 parameter shows good correlation 
between IEM simulations and RADARSAT-2 data. With 
respect to the validity domain of the IEM, 1 decreases with ks 
and increases with mv. 
 
Behaviour of entropy (H) according to mv and ks 
H seemed to decrease slightly with the soil moisture when 
mv was lower than 15-20%. However, H values of 
approximately 0.2 increased with mv when the mv values were 
between 20% and 45% (Figs. 6a and 6b). Moreover, H 
decreased with ks when the mv values were higher than 30%, 
and H seemed to be constant when mv<30% (Figs. 6c and 6d). 
The observed difference in the entropy values for mv<30% and 
mv>30% could be useful in the separation of these two soil 
moisture classes. However, it is difficult to note a clear 
behaviour of H according to ks except for when =34° and 
mv>30%; in this case, H decreased approximately 0.2 for ks 
between 1 and 2.4. When =40°, the entropy seemed to be 
constant with the ks when mv<30%. 
The IEM simulations showed that H increased slightly with 
the increase of soil moisture for the ks values that were lower 
than 1 and decreased for ks values higher than 1.3 (slightly 
depending on the incidence angle) (Figs. 7a and 7b). 
Moreover, the IEM showed that H increased strongly with ks 
for the ks values that were lower than 1-1.3 (the threshold 
between 1 and 1.3 depends on mv) and then decreased. The 
decrease observed on the RADARSAT-2 data between H and 
ks for ks higher than 1 is weaker than that obtained from the 
IEM model (less than 0.2 for RADARSAT-2 and about 0.8 for 
IEM). This could be due to our range of ks which is close to 
the limit of IEM model validity. Moreover, for the mv 
corresponding to the ground measurements (generally higher 
than 10%), the simulated entropy by the IEM model is almost 
independent of mv whereas the RADARSAT-2 data shows an 
increase of H according to mv. 
 
Behaviour of anisotropy (A) according to mv and ks 
Anisotropy increased with mv for the mv values that were 
lower than 25% and =34°, and it decreased next (Fig. 8a). 
When =46°, A was constant with mv (Fig. 8b). Moreover, the 
anisotropy decreased with ks when the ks values were lower 
than 1 by approximately 0.2 for ks between 0.5 and 1 (Fig. 
8d). For the ks values that were higher than 1, A seemed to be 
independent of ks (Figs. 8c and 8d). The anisotropy could be 
used to separate two soil roughness classes: ks<1 and ks>1. 
The IEM simulations showed that A increased slightly with 
mv (less than 0.1) for mv and ks higher than 10% and 0.6-0.9 
(depending on the incidence angle), respectively (Fig. 9). For 
our ground measurements where the soil moisture was higher 
than 10% and the ks values were higher than 1 (for the 
majority of our database), the anisotropy increases slightly 
with mv for both RADARSAT-2 images and IEM model (Figs. 
8 and 9). 
Concerning the relationship between A and ks, the IEM 
simulations showed that A decreased with ks for the ks values 
that were lower than 0.6-0.9; for the ks values that were higher, 
A increased. When =40° and ks was between 0.5 and 1, the 
IEM simulations which used the same soil moisture conditions 
as the ground measurements (mv was between 19% and 23%) 
indicated a strong increase of the A parameter by 
approximately 0.65. The behaviour of the simulated anisotropy 
with ks is different from that observed on the RADARSAT-2 
images for ks<1. It could correspond to the limit of IEM model 
validity.  
 
Behaviour of single-bounce Eigenvalue Relative Difference 
(SERD) according to mv and ks 
When  was between 34° and 46°, the SERD parameter was 
independent of the incidence angle. The SERD was constant 
when the soil moisture was between 9% and 30%, and it 
decreased slightly by approximately 0.1 (Figs. 10a and 10b). 
The SERD decreased with the ks when ks<1, and next, the 
SERD became constant (Figs. 10c and 10d). This parameter 
has the same potential as the anisotropy to separate the smooth 
soils (ks<1) from the rough soils (ks>1). This parameter is 
slightly less disturbed than the anisotropy (low standard 
deviations were observed for the mean of SERD) (Fig. 3). 
The IEM simulations showed that the SERD decreases with 
ks for ks values that were lower than 2 (Fig. 11). This same 
behaviour was also observed on the RADARSAT-2 data but 
the decrease is much weaker than that on the simulated data 
(Fig. 10d). For the ks values that were higher than 2, the 
simulated SERD was almost constant with ks. Moreover, the 
SERD parameter simulated from the IEM model decreases 
slightly when the soil moisture increases. This same behaviour 
was also observed on the RADARSAT-2 data between SERD 
and mv. 
In conclusion, this polarimetric parameter presents a weak 
potential in the discrimination of ks or mv classes. 
 
Behaviour of double-bounce Eigenvalue Relative Difference 
(DERD) according to mv and ks 
The DERD parameter was independent of the incidence 
angle when  was between 34° and 46°. When =34°, the 
DERD parameter increased slightly for mv values that were 
between 9% and 30%, and it next decreased slightly (Fig. 
12a). Moreover, the DERD was constant with the soil moisture 
when =46° (Fig. 12b). The behaviour of the DERD with the 
ks showed that the DERD decreased with ks for ks values that 
were lower than 1 and became constant next (Figs. 12c, 12d). 
The IEM simulations showed that the DERD decreased with 
ks for ks values between 0.5 and 1.5 (Fig. 13). This same 
behaviour was also observed on RADARSAT-2 data but with 
a weak decrease of the DERD with ks. However, the analysis 
of the standard deviations that were calculated from the 
RADARSAT-2 data of the mean of the DERD showed that the 
DERD parameter was more disturbed than the SERD and 
anisotropy parameters (high standard deviation) (Fig. 3). 
Moreover, the simulated DERD decreased slightly with mv for 
mv values between 15% and 40%. 
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V. CONCLUSION 
The objective of this study was to analyze the potential use 
of the C-band polarimetric SAR to perform a surface soil 
characterization over bare agricultural areas. Indeed, few 
previous studies had investigated this potential and the 
available studies used especially high-radar wavelengths, such 
as the L-band. The present study utilized the RADARSAT-2 
polarimetric data (C-band) and IEM simulations. The 
parameters that were chosen in this analysis correspond to the 
parameters that are frequently used in the literature and are as 
follows: 1, entropy, anisotropy, SERD and DERD. 
Simultaneously with the RADARSAT-2 acquisitions, field 
measurements of the soil moisture and surface roughness were 
performed on several bare soil training fields. 
Although the studies in L-band facilitated the collection of 
polarimetric SAR data that could be used to estimate the soil 
parameters (characterization of soil parameters), this study 
shows that the polarimetric parameters in the C-band are not 
very relevant to the characterisation of the soil surface over 
bare agricultural area. The high potential that was observed in 
the L-band is related to the low values of ks and the high 
dynamics of some of the polarimetric parameters for the low 
values of ks (<1).  
A weak dynamic is often observed in the C-band between 
the polarimetric parameters and both the soil roughness and 
moisture content. This weak dynamic does not allow for the 
direct estimation of the soil parameters, but it could help to 
improve the inversion standard approaches of the soil 
parameters by adding a priori information regarding the value 
ranges for the soil parameters to be estimated (i.e., it could 
eliminate ambiguities). Indeed, the polarimetric parameter 1 
could be used to discriminate two soil moisture classes (very 
wet soils, where mv>30% and the remainder, where mv<30%), 
while the anisotropy (A) could be used to separate the smooth 
soils (ks<1) from the other soils (ks>1). 
The simulations that were obtained from the IEM model 
showed two divergence problems with the RADARSAT-2 
data. First, the dynamics of the polarimetric parameters that 
were observed in the IEM simulations seemed to be over-
estimated. In addition, the behavior of the polarimetric 
parameters (an increase or decrease of the parameters 
according to ks and mv) was not always the same one that was 
observed from the SAR data. These observations suggest that 
the IEM model in its polarimetric version should be evaluated 
by other research teams using other databases. If the 
conclusions of these future studies converge with those that 
were observed in this study, it will be necessary to improve the 
robustness of the IEM model. 
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TABLES and FIGURES (only Figure 2 in color) 
TABLE 1.  PRIMARY CHARACTERISTICS OF THE DATA SET THAT WAS USED IN THIS STUDY: IMAGES CHARACTERISTICS, NUMBER OF TRAINING PLOTS, RANGE OF SOIL 
MOISTURE, AND SOIL SURFACE ROUGHNESS (S).  
Date 
(yyyy-mm-dd) 
Site Time TU 
(hh:mm) 
 
Sensor mode - 
Incidence angle 
 
Orbit Number of 
training plots 
Soil moisture (%) 
[min – mean - max] 
Soil 
roughness (cm) 
[min -  max] 
2010-11-18 Thau 05:55 FQ14 – 34.3° DES 11 [9.5 – 13.3 – 16.7] [0.9 – 3.3] 
2010-12-04 Thau 17:48 FQ26 – 45.1° ASC 10 [17.0 – 23.4 – 33.5] [1.2 – 2.4] 
2010-12-12 Thau 05:55 FQ14 – 34.3° DES 10 [9.0 – 13.7 – 17.4] [1.0 – 2.4] 
2011-01-05 Thau 05:55 FQ14 – 34.3° DES 0 - - 
2011-01-11 Thau 17:39 FQ16 – 36.2° ASC 9 [25.6 – 28.4 – 30.2] [1.0 – 2.4] 
2011-01-21 Thau 17:48 FQ26 – 45.1° ASC 10 [9.9 – 16.5 – 27.0] [1.0 – 2.4] 
2011-01-29 Thau 05:55 FQ14 – 34.3° DES 0 - - 
2011-02-22 Thau 05:55 FQ14 – 34.3° DES 2 [25.3 – 25.5 – 25.7] [1.3 – 2.2] 
2011-03-15 Thau 05:43 FQ29 – 47.4° DES 14 [31.2 – 38.5 – 45.7] [1.1 – 4.0] 
2011-03-18 Thau 05:55 FQ14 – 34.2° DES 16 [18.1 – 32.0 – 39.1] [1.0 – 4.0] 
2010-03-22 Orgeval 17:45 FQ20 – 40° ASC 7 [13.8 – 19.7 – 23.3] [0.5 – 2.6] 
2009-04-03 Orgeval 17:41 FQ20 – 40° ASC 8 [14.9 – 17.1 – 20.3] [1.2 – 2.6] 
 
Paris
Toulouse
Montpellier
Orgeval
Thau  
Fig. 1. Location of the Thau and Orgeval basins (France). 
 
 
 
Fig. 2. RADARSAT-2 Quad-Pol image (January 05, 2011) of the study site (Pauli composition: RGB=HH+VV, HV, HH-VV). Size of RADARSAT-2 image: 
33.745km x 32.336km; Central coordinates: Lat. 43°26.569'N and Long. 3°40.669'E. The limit of the study site is delineated. 
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Fig. 3. Histogram of the standard deviations of 1, H, A, SERD, and DERD. A database of 329 points was used. Each point corresponds to the standard 
deviation of a polarimetric parameter that was calculated from a given training plot. 
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(d) 
Fig. 4. Behaviour of 1 from the RADARSAT-2 data as a function of the soil moisture and ks. 
  
 
(a): 34° 
 
(b): 46° 
 
(c): 34° 
 
(d): 46° 
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14 
Fig. 5. Behaviour of 1 from the IEM data as a function of the soil moisture and ks. F=5.3GHz, Exponential autocorrelation function, incidence angles =34° and 
46°. The change of the polarimetric behaviour is indicated by arrows. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 6. Behaviour of entropy from the RADARSAT-2 data as a function of the soil moisture and ks. 
 
 
(a): 34° 
 
(b): 46° 
 
(c): 34° 
 
(d): 46° 
Fig. 7. Behaviour of entropy from the IEM data as a function of the soil moisture and ks. F=5.3GHz, Exponential autocorrelation function, incidence angles 
=34° and 46°.  
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Fig. 8. Behaviour of anisotropy from the RADARSAT-2 data as a function of the soil moisture and ks. 
 
 
 
(a): 34° 
 
(b): 46° 
Fig. 9. Behaviour of anisotropy from the IEM data as a function of the soil moisture and ks. F=5.3GHz, Exponential autocorrelation function, incidence angles 
=34° and 46°.  
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(d) 
Fig. 10. Behaviour of the SERD from the RADARSAT-2 data as a function of the soil moisture and ks. 
 
 
 
(a): 34° 
 
(b): 46° 
Fig. 11. Behaviour of the SERD from the IEM data as a function of the soil moisture and ks. F=5.3GHz, Exponential autocorrelation function, incidence angles 
=34° and 46°.  
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(d) 
Fig. 12. Behaviour of the DERD from the RADARSAT-2 data as a function of the soil moisture and ks. 
 
 
(a): 34° 
 
(b): 46° 
Fig. 13. Behaviour of the DERD from the IEM data as a function of the soil moisture and ks. F=5.3GHz, Exponential autocorrelation function, incidence 
angles =34° and 46°.  
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